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A B S T R A C T
In thepresent investigation, an in-situmulti-component reinforcedaluminiumcopperalloybasedmetalmatrix
composite was fabricated by the ﬂux assisted synthesis (FAS) technique. It was found from the optical mi-
croscopy analysis that TiC particles are formed in the composite. Further the present research investigates the
feasibility anddrymachiningcharacteristicsof Al–4.5%Cu/5TiCmetalmatrix composite inCNCmillingmachine
usinguncoated solid carbideendmill cutter. Theeffect of themachiningparameters suchas feed, cutting speed,
depth of cut on the response parameters such as cutting force and COM is determined by using analysis of
variance (ANOVA). From the analysis it was found that cutting speed and depth of cut played a major role in
affectingcutting force.Multi outputoptimizationof theprocesswascarriedoutby theapplicationof theTaguchi
methodwith fuzzy logic, and the conﬁrmatory test has revealed the accuracy of thedevelopedmodel. For pre-
dicting the responseparameters, regressionequationsweredevelopedandveriﬁedwithanumberof test cases
and it was observed that the percentage error for both responses is less than ±3%, which indicates there is a
close agreement between the predicted and the measured results.
Copyright © 2015, The Authors. Production and hosting by Elsevier B.V. on behalf of Karabuk
University. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/
licenses/by-nc-nd/4.0/).
1. Introduction
Metal matrix composites (MMCs) are a kind of composite ma-
terials where ceramic particles act as reinforcement and ductile
metal or its alloy acts as a matrix. The addition of ceramic particle
reinforcements into the metal matrix can improve its speciﬁc
strength, stiffness, wear properties, fatigue and creep properties
as compared to existing conventional engineering materials. For
more than the last three decades, there has been a signiﬁcant in-
crement in the use of MMCs. Aluminium and its alloy is the most
popular matrix material due to its low density, good thermal con-
ductivity, good electrical conductivity and better corrosion resistance.
The reinforcements can be used in various forms such as
continuous ﬁbres, whiskers, and particulates. Presently, discontin-
uous reinforced MMCs draw signiﬁcant attention as they are
cost effective and can be manufactured through different
manufacturing processes like powder metallurgy, diffusion bonding,
stir casting, squeeze casting, and spray deposition techniques
[1–4].
In these processes, ceramic particles which are made separate-
ly outside prior to composite development are added to the hot
matrix. This is known as ex-situ reinforcement. The main prob-
lems with the above processes are very poor matrix–reinforcement
interfacial interaction and their wettability due to a different surface
contamination. Another disadvantage is that size and shape of the
reinforcement are restricted by initial powder condition [1]. These
types of problem are solved by developing a novel technique called
in-situ reinforcements. In an in-situ reinforced MMC, the reinforce-
ments are formed within the metal matrix during the fabrication
of the composite by some chemical reactions. The in-situ rein-
forced MMCs have more advantages over the traditional existing
ex-situ reinforced MMCs such as, a) reinforcements are thermody-
namically steady in the matrix, b) clean, unoxidized particle–
matrix interfaces are produced resulting in a strong interfacial
bonding, c) ﬁner reinforcing phases are evenly distributed in the
metal matrix resulting in better mechanical properties and d) they
are potentially cost effective [1–5]. Various processes are devel-
oped for in-situ reinforcing phases such as self-propagating high
temperature synthesis (SHS) [6,7], exothermic dispersion (XD) [8],
ﬂux-assisted synthesis (FAS) [9], directed melt oxidation (DIMOX),
mechanical alloying (MA) technique and the reactive hot pressing
Abbreviations: FAS, ﬂux assisted synthesis; TiC, titanium carbide; MMC, metal
matrix composite; Ra, centre line average roughness; Rz, average maximum height
of the proﬁle; CF, cutting force in the direction of tool travel; CNC, computer nu-
merical control; COM, comprehensive output measure; ANOVA, analysis of variance;
RSM, response surface methodology; S/N ratio, signal to noise ratio.
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(RHP) [1]. Among these processes, the FAS process is employed in
this experiment for its high production rate.
Optimization techniques are now playing a great role in the
manufacturing sector in different metal cutting processes to effec-
tively respond to severe competitiveness and tomeet the continuous
demand of low cost and high quality products in the market. In
factual quality sense, a customer generally considers a number of
correlated quality characteristics of a product. Consequently, in-
consistency of a product’s response has to be reduced and actual
needs to be made close to the target. Metal cutting is one of the
most vital and broadly used manufacturing processes in engineer-
ing industries. Any metal cutting process studies concentrates on
the features of cutting tools, workmaterial composition and theme-
chanical properties, and in particular themachine parameter settings
that inﬂuences the eﬃciency of the process and the output quality
characteristics (or responses). A major improvement in the process
effectiveness can be obtained by process parameter optimization
that identiﬁes and determines the regions of process control factors
leading to the required outputs or responses with satisfactory varia-
tions to ensure a lower cost of manufacturing [10]. Taguchi’s
philosophy has been built upon W.E. Deming’s study that 85% of
poor quality is mainly attributable to the manufacturing process and
only 15% to the worker [11]. Taguchi’s approach optimizes the per-
formance quality through the settings of process parameters and
Fig. 1. Optical micrograph of Al–4.5%Cu/5%TiC metal matrix composite.
Fig. 2. Experimental set up for ﬁnding machinability.
Table 1
Speciﬁcation of the CNC milling machine.
Units Dimensions
Travel
X axis mm 250
Y axis mm 150
Z axis mm 220
Table
Table size mm 480 × 180
T – slot mm 3 × 10 × 50
Load on table kg 40
Spindle
Spindle nose to table top mm 90 to 310
Spindle to column mm 200
Spindle nose taper BT 30
Spindle motor capacity kw 1.1 kw AC Induction
Programmable spindle speed rpm 150–4000
CNC detail
Control system SIEMENS/FANUC/MTAB
Feed rate
Programmable feed rate mm/min 0–5000
Rapid feed mm/min 5000
Machine dimensions
L × W × H mm 2030 × 1435 × 1210
Weight (approx.) kg 950
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reduces the sensitivity of the system performance to sources of de-
viation. Thus the Taguchi method [12] has turned out to be a
powerful tool in the design of experiment methods [13].
Aggarwal et al. [14,15] comparatively have used response surface
methodology and the Taguchi method for concluding that the low
temperature cutting conditions considerably decrease the power con-
sumption as compared to dry andwet cutting conditions. Most actual
world engineering processes consist of multiple responses. Single
response optimization canmodel only the simplest systems and bulk
of the processes are also complex to be categorized into individu-
al responses. Analysing and solving a multiple performance
characteristic seems to be a challenging research problem against
most published Taguchi applications in the area of optimization of
a single performance characteristic, which is time consuming and
very expensive in cost. The statistical design of experiments (DOE)
refers to the process of planning the experiment in such a manner
that the appropriate data can be analysed by different statistical
methods, which results in some valid and objective conclusions [16].
Zadeh [17] initiated fuzzy logics to deal with uncertain informa-
tion. His introduced deﬁnition of performance characteristics such
as lower-the-better (LB), higher-the-better (HB), and nominal-the-
best (NB) contains a certain uncertainty and vagueness. Thus,
optimization of the complex multiple performance characteristics
with fuzzy logic has been considered in this present study by
transforming it into the problem of optimization of a single com-
prehensive output measure (COM) for a high speed CNC milling
machine. In high speed CNCmilling operation of an Al–Cu alloy based
metal matrix composite, selection of machining parameter for
achieving optimal performance such as good surface ﬁnish and
minimal cutting force is important and essential.
The determination of required machining parameters based on
practice or handbook values does not make sure that the selected
machining parameters result in optimal or near optimal machin-
ing performance for that particular CNC milling machine and its
environment. Most of the optimization techniques have certain con-
straints, assumptions and limits for performance in real life cutting
process problems. The optimum setting of parameters for various
responses is typically a contradictory task and the weightage of re-
sponses is an issue of researcher’s judgement. Still the researchers
frequently struggle to ﬁnd better optimized cutting conditions so
as to economize the machining problem. Lin et al. [18] have opti-
mized the electrode wear rate and material removal rate of an EDM
machine by ﬁnding the optimum machining parameter setting of
work-piece polarity, pulse on time, voltage, duty factor, current and
dielectric ﬂuid using the Taguchi methodwith fuzzy logics. Aggarwal
et al. [14,15] have optimized the machining parameters of CNC
turned parts using PCA analysis with the Taguchi method and in-
ferred that more than two principal components with more than
one eigen value are necessary for explaining the inconsistency in
the experimental data. Paiva et al. [19] have used hybrid approach
by combining RSMwith PCA to optimize multiple responses within
the experimental region by turning operation of AISI 52100 hard-
ened steel, by considering 3 inputs (cutting speed, feed, depth of
cut) to optimize a number of outputs (cutting tool life, processing
cost, cutting time duration, surface roughness, and metal removal
rate). Similarly Nian et al. [20] have optimized the turning process
on lathe machine by considering a number of performance
characteristics.
The existing literature exposed that there is no implementa-
tion of the Taguchi fuzzy approach for process parameter
optimization of in-situ Al–4.5%Cu–5TiC metal matrix composite in
CNC milling machine. The Al–4.5%Cu based metal matrix compos-
ite ﬁnds extensive application in the ﬁeld of aerospace and
automotive industry due to its light weight, higher stiffness, higher
strength, and better corrosion resistance.
On the other hand TiC has high melting point, hardness, thermal
and chemical stability, wear and corrosion resistance, higher elec-
trical and thermal conductivity and low coeﬃcient of friction. Thus
the addition of this ceramic particle can further improve the prop-
erties of the Al–4.5%Cu MMCs.
Therefore it would be a novel approach to prepare an in-situ Al–
4.5%Cu–5TiC metal matrix composite by FAS technique and by using
the Taguchi method with fuzzy logic to determine the optimal ma-
chining parameters for CNC milling machined part for optimization
of response parameters such as cutting force and surface rough-
ness. The experimental design used orthogonal array L25 for the three
controllable factors that is, cutting speed, feed, and depth of cut,
each at ﬁve levels to ﬁnd the optimum combination of factors and
Table 2
Experimental conditions and tool geometry.
Machine tool CNC milling machine
Cutting tool Solid carbide end mill cutter
End mill cutter length 75 mm
Diameter 8 mm
Number of ﬂutes 4 nos.
Flutes length 25 mm
Coolant Dry cutting operation
Fig. 3. Photograph of the 3D surface after machining in CNC milling machine, gen-
erated from the 3D proﬁlometer.
Table 3
Machining parameters and their levels.
Factors/process parameters Notation Unit Level of factors
1 2 3 4 5
Cutting speed N rpm 400 450 500 550 600
Feed f mm/min 20 25 30 35 40
Depth of cut d mm 0.15 0.20 0.25 0.30 0.35
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levels in high speed CNCmilling operation of Al–4.5%Cu–5TiC metal
matrix composite. The single-response optimization was con-
ducted using the Taguchi method. For a multi-response case, fuzzy
logic unit (FLU) was employed to transform the three correlated re-
sponses to a single response called comprehensive output measure
(COM). At last, the analysis of variance (ANOVA) was used to ﬁnd
out the most signiﬁcant high speed CNCmilling parameter. For pre-
dicting the response parameters, regression equations were
developed and veriﬁed with a number of test cases.
2. Experimental procedure
2.1. Work material
Al–4.5%Cu–5TiC MMCs were prepared at 1250 °C by an in situ
technique in an induction furnace. Titanium rod (99.8% purity), ac-
tivated charcoal powder (average size 150 μm) and commercial pure
aluminium ingot (99.9% purity) and copper rod (99.8% pure) were
used as the charge materials. In an induction furnace, ﬁrst pure alu-
minium (Al) ingot was melted inside a graphite crucible at a
temperature of 685 °C, after that pure copper (Cu) was added to the
molten aluminium at a temperature of 800 °C and with the help of
a stirrer made of graphite rod, the mixture was continuously stirred.
Pure titanium (Ti) was then added to the hot liquid material at a
temperature of 1000 °C, and the mixture was constantly stirred at
450 rpm. At 1100 °C activated charcoal powder was added to the
Al–Cu–Ti melt and held for 20 min to allow the occurrence of the
reaction, thus forming TiC inter metallic particles in the melt, and
the mixture was constantly stirred. A small quantity of potassium
ﬂuoride and sodium ﬂuoride were used as a ﬂux cover in the hot
material in order to remove the oxide ﬁlm formation from themolten
metal surface, for acting as a protective barrier to gas absorption
and to facilitate incorporation of the particles into the melt [21,22].
The amount of titanium and the activated charcoal powder was
meant to have the desired 5% TiC in the matrix. After that the
hot liquid melt was cast into a rectangular metallic mould
(30mm × 30mm × 80mm) for performing the machinability test in
Fig. 4. Pictorial representation of surface roughness; Ra (a) and Rz (b).
Table 4
Experimental results for output variables and their S/N ratio.
Run no. Ra Rz CF
μm S/N μm S/N N S/N
1 2.04 −6.19260 2.57 −8.1987 600 −55.5630
2 2.08 −6.36127 1.91 −5.6207 434 −52.7498
3 1.92 −5.66602 2.08 −6.3613 536 −54.5833
4 1.78 −5.00840 3.36 −10.5268 568 −55.0870
5 2.08 −6.36127 2.11 −6.4856 434 −52.7498
6 2.03 −6.14992 2.10 −6.4444 422 −52.5062
7 1.65 −4.34968 2.18 −6.7691 447 −53.0062
8 1.55 −3.80663 2.25 −7.0437 489 −53.7862
9 1.89 −5.52924 3.20 −10.1030 351 −50.9061
10 1.68 −4.50619 2.15 −6.6488 400 −52.0412
11 0.65 3.74173 1.71 −4.6599 364 −51.2220
12 1.82 −5.20143 2.13 −6.5676 445 −52.9672
13 2.15 −6.64877 2.22 −6.9271 329 −50.3439
14 1.90 −5.57507 1.98 −5.9333 343 −50.7059
15 2.05 −6.23508 1.65 −4.3497 381 −51.6185
16 1.68 −4.50619 2.19 −6.8089 510 −54.1514
17 1.69 −4.55773 1.17 −1.3637 419 −52.4443
18 2.05 −6.23508 3.19 −10.0758 377 −51.5268
19 2.70 −8.62728 3.01 −9.5713 533 −54.5345
20 1.18 −1.43764 2.91 −9.2779 544 −54.7120
21 1.14 −1.13810 1.50 −3.5218 417 −52.4027
22 1.82 −5.20143 2.64 −8.4321 452 −53.1028
23 2.01 −6.06392 3.12 −9.8831 431 −52.6895
24 2.32 −7.30976 2.01 −6.0639 399 −52.0195
25 1.88 −5.48316 1.91 −5.6207 499 −53.9620
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CNC milling machine. Thus the Al–4.5%Cu matrix has been used to
synthesize the composites with 5% of TiC reinforcements using ﬂux
assisted in-situ technique. Fig. 1 shows the optical micrograph of
the Al–4.5%Cu–TiC metal matrix composite.
2.2. Experimental set up
The Al–4.5%Cu–5TiC composite rectangular specimens were then
machined by using a CNC milling machine manufactured by MTAB
Engineers Pvt. Ltd. Speciﬁcation of the CNCmillingmachine is shown
in Table 1. The cutting force in the direction of the tool travel (CF)
wasmeasured by using a dynamometer. Surface roughness wasmea-
sured by using a 3D proﬁlometer having 20× magniﬁcation and
4.7 mm as cut off distance. Machining was carried out with a solid
carbide end mill cutter without using any cutting ﬂuid with con-
stant cutting speed, feed and depth of cut. Table 2 represents the
summaries of experimental cutting conditions with the cutting tool
geometry. The experimental setup is shown in Fig. 2. The selec-
tion of process parameters and their ranges was based on the
literature reviewed and from the results of some preliminary ex-
periments. Fig. 3 shows the 3D surface generated after machining
in CNC milling machine.
Fig. 5. (a) Membership function plots for Ra, (b) membership function plots for Rz, (c) membership function plots for CF.
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2.2.1. Design of experiment
Five levels, of equal space within the range of the parameters,
were taken (Table 3) in the present investigation; Taguchi’s L25 Or-
thogonal Array design was taken into consideration for the total
experimentations.
3. The Taguchi method for optimization of process parameters
3.1. Performance characteristics and signal-to-noise (S/N) ratio
In Taguchi’s method, there are three categories of performance
characteristics in the analysis of the signal-to-noise ratio (S/N ratio),
i.e., the lower-the-better, the higher-the-better, and the nominal-
the-best. To obtain optimal machining performance, the minimum
surface roughness (SR) and cutting force are desired; therefore the
lower-the-better characteristic is chosen in this investigation.
For ‘lower-the-better’ type of the machining quality character-
istic, the S/N ratio is given by
S N ratio mean square of responses= − ( )10 10log (1)
For ‘higher-the-better’ type of the machining quality character-
istic, the S/N ratio is given by
S N ratio mean square reciprocal of responses= − ( )10 10log (2)
In this present study, the signal-to-noise ratios (S/N ratio) for the
surface roughness parameters (Ra, and Rz) and cutting force (CF) are
calculated using equation (1) for each of the 25 trials.
3.2. Single characteristic optimization
When a single-response problem is being considered, the
Taguchi method can be employed to obtain the optimal level/
factor combination of the high speed CNC milling process. The S/N
is used for representing the quality characteristic and the largest
S/N ratio is demanded. In addition, the contribution of each
factor is evaluated using the ANOVA analysis in the present
investigation.
The surface roughness can be characterized by two main pa-
rameters, such as centre line average roughness (Ra) and average
maximum height of the proﬁle (Rz), shown in Fig. 4a and b.
A smaller value of surface roughness parameters (Ra and Rz) and
cutting force (CF) is normally required in anymetalmachining. There-
fore the smaller-the-better methodology of S/N ratio was employed
for the aforementioned responses. The S/N ratios of the three re-
sponse parameters of 25 experimental runs are listed in Table 4 along
with their experimentally measured values.
3.3. Implementation of fuzzy logic and multiple response results in
high speed CNC milling
Fuzzy logic is a mathematical theory developed of inexact
reasoning which allows modelling of the reasoning process of
humans in linguistic terms. It is very suitable for deﬁning the re-
lationship between the system inputs and the desired
system outputs. A fuzzy logic unit (FLU) is composed of a fuzziﬁer,
membership functions, fuzzy rules, inference engine, and a
defuzziﬁer. First, the fuzziﬁer uses the membership functions to
fuzzyfy the S/N ratios. After that, the inference engine is used to
perform a fuzzy reasoning on fuzzy rules for generating fuzzy values.
Finally, the defuzziﬁer is used to convert the fuzzy value into a
COM (comprehensive output measure). In the present research
work, the fuzzy reasoning is based on the three-input-one-output
fuzzy logic unit. The fuzzy rule base consists of a group of
if–then control rules with the three inputs, x1, x2 and x3 and one
output y, i.e.,
• Rule 1: if x1 is A1 and x2 is B1 and x3 is C1 then y is D1 otherwise
• Rule 2: if x1 is A2 and x2 is B2 and x3 is C2 then y is D2 otherwise
• Rule n: if x1 is An and x2 is Bn and x3 is Cn then y is Dn.
Ai, Bi, Ci and Di are fuzzy subsets which are deﬁned by the cor-
responding Gaussian membership functions, i.e., μAi , μBi , μCi and
μDi . In this present paper three fuzzy subsets (Small, Medium,
and Large) are assigned to the three inputs for Ra, Rz and CF
(shown in Fig. 5). Fig. 6 shows the membership functions for the
COM.
Various degrees of membership to the fuzzy set are calculated
based on the values of x1, x2, x3 and y. Twenty seven (33 = 27) fuzzy
rules are derived directly based on the fact that smaller is the best
S/N ratio, the better is the performance characteristic. By taking the
max–min compositional operation [23], the fuzzy reasoning of these
rules yields a fuzzy output. Considering that x1, x2, x3 and x4 are the
Fig. 6. Membership functions for the COM.
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four input values of the total fuzzy logic unit, the membership func-
tion of the fuzzy reasoning output can be expressed as
μ μ μ μ μ μ μC A B C A B Cy x x x x x x0 1 1 1 2 2 21 2 3 1 2 3( ) ( ) ( ) ( ) ( ) ( ) ( )= ∧ ∧[ ]∨ ∧ ∧[ ]
∨ ∨ ∧ ∧[ ]( ) ( ) ( )……… μ μ μA B Cn n nx x x1 2 3
where ‘∧’ is the minimum operation and ‘∨’ is the maximum
operation.
Finally, a defuzziﬁcation method, called the centre-of-gravity
method [23] is adopted to transform the fuzzy inference output
μC0 into a non-fuzzy value y0,
i e y
y
y
C
C
. ., 0
0
0
=
( )
( )
∑
∑
yμ
μ
The non-fuzzy value ‘y0’ is called COM. According to the above
discussion, the smaller is the COM, the better is the performance
characteristic.
Table 5 shows the MATLAB generated fuzzy logic unit results for
the COM using the experimental combinations of Table 4.
Fig. 7 shows the fuzziﬁed rule viewer for COM, which can accept
any value of 3 multiple output responses of Ra, Rz, and CF. Fig. 8
shows the surface view of COM for Ra, Rz and cutting force
combinations.
4. Analysis of variance and main effects plot
The experimental results were analysed with ANOVA
to investigate the inﬂuence of the cutting parameters (control
Table 5
Results for the COM.
Run no. COM
1 0.248
2 0.365
3 0.345
4 0.225
5 0.358
6 0.376
7 0.585
8 0.543
9 0.343
10 0.583
11 0.699
12 0.399
13 0.437
14 0.48
15 0.395
16 0.404
17 0.501
18 0.253
19 0.202
20 0.309
21 0.636
22 0.420
23 0.294
24 0.397
25 0.453
Fig. 7. The fuzzy rule COM graph for 3 input combinations.
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factors) namely: Cutting Speed, feed, and Depth of Cut in
the alloy matrix that signiﬁcantly affects the performance mea-
sures. By performing ANOVA, the control factor that dominates
over the other and the percentage contribution of that
particular control factor on the responses can be estimated. The
present analysis was carried out for a signiﬁcance level of
P = 0.05, i.e. for a conﬁdence level of 95%. Sources in the
ANOVA result with a P-value less than 0.05 were regarded
to have a statistically signiﬁcant contribution to the performance
measures.
Fig. 8. (a) The Surface graph for COM for Rz, Ra combinations. (b) The Surface graph for COM for CF, Rz combinations. (c) The Surface graph for COM for CF, Ra combina-
tions. (d) The Surface graph for COM for Rz, CF combinations. (e) The Surface graph for COM for Ra, CF combinations. (f) The Surface graph for COM for Ra, Rz combinations.
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4.1. ANOVA for cutting force (CF)
As it has been noted in the last column of the ANOVA table of
CF (Table 6), the P value of the cutting speed aND depth of cut is
less than 0.05. This indicates that the abovementioned factors played
a major role on determining the cutting force (CF). Fig. 9 shows the
main effects plot for cutting force.
From the main effect plot for the cutting force (Fig. 9), it is con-
ﬁrmed that cutting speed, feed and depth of cut have signiﬁcant
inﬂuence on the cutting force. It is observed that when cutting speed
is 400 rpm, feed is 20 mm/min and depth of cut is 0.3 mm, cutting
force is minimum.
4.2. ANOVA for COM
As it has been noted in the last column of the ANOVA table of
COM (Table 7), the P value of the cutting speed is less than 0.05.
This indicates that the cutting speed played a major role on deter-
mining the comprehensive output measure. Fig. 10 shows the main
effects plot for COM.
From the main effect plot for the COM (Fig. 10), it is conﬁrmed
that cutting speed, feed and depth of cut have signiﬁcant inﬂu-
ence on the COM. It is observed that when cutting speed is 400 rpm,
feed is 35 mm/min and depth of cut is 0.2 mm, comprehensive
output measure (COM) is minimum.
5. Regression analysis
The regression equations are developed for the prediction of
surface roughness parameter Ra, Rz and for prediction of cutting
force (CF). Figs. 11 and 12 show the residual plot for Ra and CF.
The regression equation for Ra is
Ra cutting speed
feed depth of cut
= −
+ −
1 84 0 00038
0 0168 1 30
. .
. .
(3)
The regression equation for CF is
CF cutting speed feed depth of cut= − − −567 0 190 0 45 54. . (4)
5.1. Validation of regression model
The regression equations were developed to predict the surface
roughness parameter (Ra) and cutting force (CF) of Al–4.5%Cu–
5TiC composites, which are validated with a number of test cases
(Table 8). It has been observed that the percentage error for both
responses is less than ±3%. This is an indication of close agree-
ment between the predicted and measured results and adequacy
of the regression model.
Figs. 13 and 14 demonstrate the measured and predicted values
of Ra and CF for the 10 samples as presented in Table 8. From these
ﬁgures, it is observed that there is a considerable linearity in the
relation between the predicted values and the measured values.
Table 6
Analysis of variance (ANOVA) for CF, using adjusted SS for tests.
Source DF Seq SS Adj SS Seq MS F P
Cutting speed (N) 4 22.0846 22.0846 5.5211 5.65 0.009
Feed (f) 4 1.1948 1.1948 0.2987 0.31 0.869
Depth of cut (d) 4 13.0270 13.0270 3.2567 3.33 0.047
Error 12 11.7217 11.7217 0.9768
Total 24 48.0280
S = 0.988334; R-Sq = 75.59%; R-Sq(adj) = 51.19%.
Notes: DF, Degrees of freedom; Seq SS, Sequential sum of squares; Adj SS, Adjusted
sum of squares; Seq MS, Sequential mean squares.
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Fig. 9. Main effects plot for cutting force for cutting speed, feed and depth of cut.
Table 7
Analysis of variance (ANOVA) for COM, using adjusted SS for tests.
Source DF Seq SS Adj SS Seq MS F P
Cutting speed (N) 4 0.14015 0.14015 0.03504 3.37 0.046
Feed (f) 4 0.06855 0.06855 0.01714 1.65 0.226
Depth of cut (d) 4 0.06232 0.06232 0.01558 1.50 0.264
Error 12 0.12487 0.12487 0.01041
Total 24 0.39589
S = 0.102007; R-Sq = 68.46%; R-Sq(adj) = 36.92%.
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Fig. 10. Main effects plot for COM for cutting speed, feed and depth of cut.
Fig. 11. (a) Normal probability plot for Ra for per cent vs Residual, (b) plot for residual vs ﬁtted value, (c) histogram for Ra for frequency vs residual, (d) plot for residual
values vs observation order.
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6. Conclusion
An in-situ aluminium copper alloy based MMC was fabricated
by the ﬂux assisted synthesis (FAS) technique. The hybrid Taguchi
method with fuzzy logic was used to determine the optimal ma-
chining parameters of Al–4.5%Cu–5%TiC MMC. The machining
process parameter optimization was carried out through experi-
ments with minimum number of trials against the full factorial
design. The following conclusions can be drawn from the experi-
mental results obtained and the analysis of the experimental data
with multi-response optimization in CNC milling operation.
• The factor/level combinations of N1f4d2 for Ra, N4f4d1 for Rz,
N1f1d4 for CF, for Al–4.5%Cu–5%TiC composite are the
optimum parameters when these responses are considered
individually.
• When all the three responses are considered in a multi-response
problem using Taguchi-fuzzy approach N4f4d2 is the recom-
mended optimum condition for the composites.
• For ﬁnding the optimum process parameters, using fuzzy based
Taguchi method has been found fruitful.
• For solving a multi-response optimization problem, this ap-
proach is quite eﬃcient.
Fig. 12. (a) Normal probability plot for CF for per cent vs Residual, (b) plot for residual vs ﬁtted value, (c) histogram for CF for frequency vs residual, (d) plot for residual
values vs observation order.
Table 8
Result of conformation and their comparison with regression.
Sl no. Cutting
speed
Feed
rate
Depth
of cut
Measured
Ra
Predicted
Ra
% Error
of Ra
Measured
CF (N)
Predicted
CF (N)
% Error
of CF
1 440 20 0.15 1.83 1.8138 −0.88525 464.50 466.30 0.387513
2 470 35 0.20 1.97 1.9894 0.984772 452.60 451.15 −0.32037
3 560 30 0.25 1.78 1.8062 1.47191 431.03 433.60 0.596246
4 590 35 0.30 1.82 1.8138 −0.34066 420.07 422.95 0.6856
5 420 25 0.35 1.63 1.6454 0.944785 456.00 457.05 0.230263
6 490 30 0.20 1.86 1.8978 2.032258 448.02 449.60 0.352663
7 520 25 0.25 1.72 1.7374 1.011628 445.07 443.45 −0.36399
8 475 30 0.30 1.79 1.7735 −0.92179 446.05 447.05 0.22419
9 580 40 0.35 1.81 1.8366 1.469613 418.08 419.90 0.435323
10 540 40 0.15 2.09 2.1118 1.043062 437.05 438.30 0.286008
289B. Das et al./Engineering Science and Technology, an International Journal 19 (2016) 279–291
• Conﬁrmatory test has validated the setting of the process pa-
rameters, which is determined by the fuzzy based Taguchi
method.
• Thus the present approach can be recommended for undergo-
ing the continuous improvement of quality.
• The percentage error found for both the responses (Ra and CF)
is less than ±3% in regression analysis, which indicates that there
is a close agreement between the predicted and the measured
results.
• From the ANOVA analysis it was found that cutting speed and
depth of cut played a major role in affecting cutting force.
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Fig. 13. Comparison of measured values of Ra with predicted Ra.
Fig. 14. Comparison of measured values of cutting force with predicted cutting force.
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